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Abstract. For consumers, online product reviews have become an important
source for product-related information. Furthermore, they represent a beneficial
addition to online retailers’ websites. Due to the increasing amount of available
product reviews, identifying the most helpful product reviews represents an important task in order to reduce information overload. Therefore, the factors influencing review helpfulness have to be identified. Thus, in order to explain review helpfulness, we build upon and extend review diagnosticity theory with
concepts from marketing research and propose a research model that includes
product quality, review sentiment and review uncertainty. Based on a sample of
amazon.com product reviews, we evaluate our research model and find that
statements about product quality positively influence review helpfulness. Furthermore, we identify that sentiment as well as uncertainty expressed in product
reviews have an impact on review helpfulness. Finally, we confirm that the
product category has a moderating effect on these relationships.
Keywords: Product Review, Review Diagnosticity, Helpfulness, Content
Analysis

1

Introduction

In recent years, online product reviews have become important both for online consumers as well as online retailers. On the one hand, online product reviews represent
an important source of information to consumers who base their purchase decisions
on reviews provided by websites like amazon.com [1]. On the other hand, online
product reviews are an important asset for online retailers since they attract online
consumers who may also buy the related products [2].
Due to the enormous amount of reviews available for several products, customers
may suffer from information overload, which reduces the beneficial aspects of product reviews [3], [4]. As a consequence, online retailers often display the most helpful
product reviews first. In order to determine how helpful a product review is and to
rank reviews according to their helpfulness, many online retailers offer their customers the possibility to vote whether a certain review is perceived to be helpful or not.
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However, reviews receive votes over a long time period which hampers the ranking of
recent ones. Furthermore, ranking of reviews that have not received any vote is not
possible at all [3]. As follows, an appropriate understanding of what makes a review
helpful is required for online retailers to assess the helpfulness of reviews that have
not been evaluated by online consumers yet.
Next to the impact of online product reviews on sales that has been a field of research for several years [1], [5], [6], recent studies already provide first insights into
the characteristics which determine online review helpfulness. Since Mudambi and
Schuff (2010) provided evidence that review extremity, review depth and product
type have an impact on review helpfulness [2], further studies have explored related
characteristics such as specific emotions [4], [7] and review readability [3], [8]. However, previous studies neglect a main factor determining the readers’ purchase decision and thus presumably affecting review helpfulness: product quality [9], [10]. As a
consequence, it can be assumed that product reviews focusing on product quality will
also provide diagnostic value and consequently, contribute to review helpfulness.
Furthermore, previous research does not provide deeper insights into the writing
style of the product reviews under investigation since sentiment is often measured by
the star rating rather at a textual level [7] or the focus lies on manual analyses of small
sample sizes [11]. As already investigated within marketing research, consumers’
purchase decisions are influenced by sentiment and the level of certainty expressed
within advertising campaigns [12–14]. Consequently, we also investigate whether
review sentiment and review uncertainty influence review helpfulness.
Overall, recent studies often neglect the differentiation between two important
product categories: search goods and experience goods [15], [16]. Search goods are
characterized as products for which information about their quality can be easily obtained before purchasing the product. In contrast, experience goods are defined as
goods that often require purchase to evaluate product quality [2]. Thus, these product
categories are supposed to influence the information required by consumers and consequently, may also impact perceived review helpfulness [2].
Consequently, our research aims at contributing to review diagnosticity theory by
means of providing a better understanding of what contributes to the helpfulness of
product reviews in the purchase decision process. Therefore, we build upon the initial
model of review helpfulness by Mudambi and Schuff (2010) [2]. Our model extends
the original factors review extremity, review depth and product type in order to incorporate product-related and stylistic aspects in the form of product quality, review
sentiment and review uncertainty. To empirically validate our model, we acquire
product reviews related to the 20 most popular products of 6 different amazon.com
product categories. Thereafter, we analyze the reviews related to the variables under
consideration.
The remainder of this paper is structured as follows. Section 2 presents the background and the research model of our study, including our research hypotheses and
the rationale behind them. Subsequently, section 3 provides an outline of our research
methodology. The empirical results are presented in section 4. Finally, section 5
summarizes our results and concludes.
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2

Background and Research Model

Our study aims to extend the existent research on review helpfulness by laying a focus on product-specific and stylistic aspects as actually expressed within product reviews. Building upon marketing research, we identify product quality, review sentiment and review uncertainty as important factors influencing customers’ purchase
decisions [9], [17], [18]. Accordingly, these factors may also affect the helpfulness of
product reviews that are used to provide information during the purchase decision
process [2]. Therefore, our research model includes these factors as independent variables with a hypothesized relationship to review helpfulness (H1a – H3a). Furthermore, we also hypothesize a moderating effect of product type, i.e. search good or
experience good (H1b – H3b). To improve the robustness of our results and to be able
to compare our content-related factors with existent research, our research model (Fig.
) also includes the basic factors proposed by Mudambi and Schuff (2010) [2]. Therefore, review extremity and review depth are treated as control variables to check
whether our analysis confirms the original findings. In the following sections, we
elaborate on our research model.
Review Extremity
(Control)

Product Type

Review Depth
(Control)
H1b

Product Quality

H1a

Review Helpfulness

H2b

H2a
H3b

Review Sentiment
H3a
Review Uncertainty

Fig. 1. Research Model on Review Helpfulness

2.1

Review Diagnosticity, Review Extremity and Review Depth

Review diagnosticity theory is closely related to the notion of information
diagnosticity, which encompasses the question of whether a certain piece of information is helpful during the decision-making process or not [4], [19]. Analogously,
review diagnosticity theory explains which factors make a review helpful during the
different phases of a consumers’ purchase decision-making process [2]. Thereby,
online consumers can use online product reviews in order to evaluate a product and
the available alternatives [1], [2].
Within the basic model of review diagnosticity, Mudambi and Schuff (2010) consider review depth and review extremity as relevant factors determining review helpfulness which is seen as a reflection of review diagnosticity [2]. While extremity ad-
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dresses “whether the review is positive, negative, or neutral”, review depth has been
defined as “the extensiveness of the reviewer comment” [2].
For product reviews that usually provide a one (worst) to five (best) star rating, review extremity “is the extent to which an individual's attitude deviates from the midpoint” [20]. In the literature, different studies have investigated the effect of review
extremity, whereas mixed results have been found. On the one hand, extreme book
reviews have been found to be more helpful compared to moderate reviews [5] and
extreme evaluations have been shown to increase the likelihood of acceptance of advices given [21]. On the other hand, it is shown that extreme positions can negatively
impact perceived source competence [22]. These presumably contradictory results
guided Mudambi and Schuff (2010) to consider product type (i.e. experience vs.
search good) as a moderating factor because the impact of review extremity could
depend on the product type explored [2]. Based on their argument that, for experience
goods, objective content should be preferred over extreme content, they hypothesize
that for experience goods, extreme reviews are less helpful than moderate ones. To
cover this aspect in our model, and to be able to compare the factors of the original
model with the factors of our extended model, we include review extremity as well as
the moderating effect of product type as control variables.
Furthermore, review depth represents another factor related to review helpfulness
[2]. High review depth increases the amount of information available to the consumer
which helps in the process of making a purchase decision. Consequently, increased
review helpfulness has been found for reviews providing more detailed information
[23] since increased review depth contributes to an increased amount of information
that is available to consumers without any additional search costs [2]. Moreover, the
effect of review depth on review helpfulness has also been argued to depend on product type. Following Mudambi and Schuff (2010), consumers of search goods are more
likely to be interested in objective attributes and features, which are delivered by reviews providing more detailed information. Consequently, their hypothesis suggests
that review depth in general has a positive effect on a review’s helpfulness, which will
be even more significant for search goods [2]. To control for this aspect, we also include review depth and the moderating effect of product type as control variables in
our extended model.
2.2

Product Quality

Product quality can be defined as the “consumer's judgment about a product's overall
excellence or superiority” [9] and covers the aspect of whether a product review provides detailed information on a products’ core characteristics. In contrast to review
depth, which is usually assessed on the basis of review word count [2], [7], product
quality accounts for the level of detail with regard to relevant product performance
characteristics, i.e. how much information on relevant quality characteristics is included within the review.
Product quality plays an important role for the product choice of consumers, but as
compared to price information, product performance characteristics are much more
difficult to obtain [15]. Furthermore, information on product or service quality is
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highly relevant related to consumer attitudes and intentions [10], [24]. We therefore
hypothesize: More detailed statements on product quality have a positive effect on
review helpfulness (H1a).
As product features and characteristics of search goods, including product quality,
can be evaluated more easily before purchase compared to experience goods [15],
[25], it can be assumed that information related to product quality is more valuable to
consumers when it is hard to obtain. As a consequence, we hypothesize: The product
type moderates the effect of statements related to product quality on review helpfulness, and the effect is greater for experience goods than for search goods (H1b).
2.3

Review Sentiment

Sentiment represents an “attitude, thought, or judgment prompted by feeling” [26]. In
the context of product reviews, sentiment covers the emotional statements expressed
within the text. Thereby, review sentiment differs from other review aspects such as
the star rating. Although the star rating is often used for sentiment classification [27],
it rather focuses on the overall product evaluation than on the language used within
the review. In recent years, the impact of sentiment expressed in textual sources on
purchase decisions has been confirmed [28].
From a theoretical perspective, the potential relevance of review sentiment can be
derived from the emotional value perceived by a customer related to the product. The
emotional value affects the purchase decision and can be defined as “the utility derived from the feelings or affective states that a product generates” [17]. As follows,
the more positive the review sentiment is, the higher may be the positive impact on
the emotional value of the product and thus the review could be more helpful to consumers since it signalizes that the product is worth to consider [11]. In consequence,
positive (negative) online review sentiment is supposed to lead to higher (lower) purchase intentions [29]. In this context, it can be assumed that an increased emotional
value also leads to an increased satisfaction with the product review and thus increases review helpfulness. We therefore hypothesize: More positive review sentiment has
a positive effect on review helpfulness (H2a).
However, to a certain extent, even negative sentiment can be helpful to consumers.
For experience goods (first-run films in the UK), critical reviews have been found to
have a significant effect on consumers as they positively affect revenues [30]. Thus,
unfavorable product information may play a more important role for consumer behavior compared to favorable product information [31]. This phenomenon is widely discussed as negativity bias, after which, and compared to positive attitude, a negative
attitude does have a stronger effect on behavior [32], [33]. As already discussed, experience goods are harder to evaluate before purchase than search goods. In this context, negative sentiment can be perceived to be more accurate and helpful [7]. As
follows, online consumers will rather value negative sentiment representing other
customers’ perceptions. We therefore hypothesize that product type has a moderating
effect on the relationship between review sentiment and review helpfulness: The
product type moderates the effect of review sentiment on review helpfulness, and for
experience goods, negative sentiment becomes more valuable (H2b).
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2.4

Review Uncertainty

In general, (un-)certainty can be defined as “the degree to which an individual is [not]
confident that his or her attitude toward an object is correct” [20]. More specific, review uncertainty addresses a reviews’ ability to provide a clear judgment or evaluation of a certain products’ attributes that are relevant for the customers’ purchase decision [18]. An impact of higher certainty on perceptions of others has been found to
be significant in the literature. As illustrated by Marks and Miller (1985), certainty
about one’s opinion correctness positively affects its projection [12]. Further, and in
the context of buyer behavior theory, having an overall confidence in a product brand
positively affects the corresponding purchase decision [13]. In the case of a product
review mainly conveying high uncertainty, it can be assumed that the product review
as well as the information within the product review is perceived to be less helpful for
the following purchase decision. We therefore hypothesize: Review uncertainty has a
negative effect on review helpfulness (H3a).
With regard to search goods, consumers are more interested in specific and objective information on actual product characteristics [2]. In contrast, the evaluation of
experience goods is more subjective and depends on each reviewer’s personal perceptions [15]. Thus, in the case of conflicting perceptions and attitudes between reviewers and online consumers, it can be assumed that product reviews which are connected with uncertainty are perceived to be less provoking. Consequently, it can be assumed that the general negative impact of review uncertainty is reduced for experience goods. As follows, we expect a moderating effect of the product type and hypothesize: The product type moderates the effect of review uncertainty on review
helpfulness, and the effect is greater for search goods than for experience goods
(H3b).

3

Research Methodology

3.1

Dataset Acquisition

To evaluate our research model empirically, we focus on product reviews that have
been published on amazon.com. Thereby, we select reviews related to search and
experience goods. For that purpose, we focus on the six product categories as applied
by Mudambi and Schuff (2010) [2] and select the 20 best selling products for each
category. A detailed definition of the different product categories covered can be
found in Table1. For each product, we acquire the corresponding product reviews.
Therefore, we download review text, star rating, the number of people rating the review as helpful and the total number of people rating the review.
Table 1. Product categories taken into account within this study as defined by [2]
Product Type
Search Good

Product Categories
Camera & Photo, Computer Printers, Cordless Telephones

Experience Good

MP3 Players, Music, PC-compatible Games
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Overall, we focus on product reviews that received at least ten votes in total, which
ensures reliability of results: In the case of a small amount of votes, a small number of
online customers could have a large influence on the helpfulness score: in the case of
one total vote, this vote determines whether the helpfulness score is 0% (not helpful)
or 100% (which indicates that the review is very helpful).
3.2

Variable Operationalization

In order to be able to test our research hypotheses, we operationalized the different
variables of interest by means of content analysis and direct extraction from the product review. Content analysis encompasses the process of “making inferences from a
symbolic medium, usually texts” by classifying “textual material, reducing it to more
relevant, manageable bits of data” [34]. Thereby, content analysis can consist of different techniques [35] and is often applied within psychology to make inferences
about the writer of a message or about the communication between different individuals [36]. Overall, this process shall be conducted as objective as possible [37].
In general, different forms of content analysis exist [36]: On the one hand, manual
coding of documents is used. On the other hand, different automated approaches for
content analysis are available. In comparison to manual coding, no problems with
inter-coder reliability prevail in the case of automated content analysis because this
methodology is dictionary-based and can be repeated without a loss in quality [34].
Furthermore, automated content analysis has been proven to be reliable [35], [36] and,
compared to manual coding, less time consuming [36]. Finally, since the dictionaries
used are oftentimes publicly available, automated coding of documents is transparent
and the results can be reproduced easily [38].
In the course of automated content analysis, dictionaries are used in order to map
different words of a text to several pre-defined categories representing psychological
concepts. As a next step, the frequencies of how often a certain category prevails
within a document can be used for further analyses [34]. In this context, several dictionaries have been developed and evaluated that provide measurements for several
psychological constructs, whereas in our study, we make use of the dictionary that is
used within the General Inquirer (GI) [37], [39]. The GI represents a text analysis
framework that has already been applied in several studies (see [37]). Building upon
such well-established dictionaries is advantageous due to several reasons, including
standardized classifications and the dictionary’s extensive previous validation [40].
We conduct an automated content analysis of the product reviews included in our
dataset. To measure product quality, we determine the amount of terms related to the
GI category “Quality” in relation to the total number of terms within the document
(exemplary terms in this category are “secure”, “stable” or “weak”). In the case of
review sentiment, we apply a sentiment polarity measure that takes into account the
GI categories “Positiv” and “Negativ” (exemplary terms are “great” or “unhappy”).
Finally, review uncertainty is determined on behalf of the “If” word list which covers
feelings of uncertainty (exemplary terms are “almost” or “may”). Table provides an
overview about the independent (IV) and dependent variables (DV) used within this
study.
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Table 2. Operationalization of Independent (IV) and Dependent Variables (DV)
Variable
Type

IV

Research
Hypothesis

Variable

Operationalization

H1: Product
Quality

Quality

Ratio based on GI-Category “Quality”
related to the total number of words.

H2: Review
Sentiment

Polarity

Ratio based on GI-Categories “Positiv”
and “Negativ”:
(Positiv - Negativ) / (Positiv + Negativ).

H3: Review
Uncertainty

Uncertainty

Ratio based on GI-Category “If” related
to the total number of words.

Control
Variables

ProductType
Extremity
Depth
TotalVotes

1 if experience good; 0 if search good.
Star Rating - Mean Rating.
Number of Words.
Number of Votes.

Helpfulness

Number of Helpful Votes divided by
TotalVotes.

DV

Next to these variables that are measured by means of automated content analysis, we
also extract several control variables from the review pages and operationalize these
variables as defined in [2]: We include a dummy variable representing the product
type, i.e. the question whether the product is a search or an experience good. Furthermore, we measure review depth as the number of words the review consists of.
TotalVotes is measured as the number of people who participated at the voting, i.e.
who voted the review to be either helpful or not helpful.
In the case of review extremity, Mudambi and Schuff (2010) only use the star rating as well as the squared star rating for operationalization [2]. However, since our
study covers different products per category having different average ratings, we operationalize review extremity by the absolute difference between the star rating of the
review and the average star rating of the product and are thus in line with the definition by [20]. This ensures that extremity measures how extreme a review is related to
the average review concerning a certain product.
Finally, review helpfulness is measured as the number of helpful votes divided by
the number of total votes. Due to the fact that we only consider reviews with at least
ten votes, this measure can always be calculated and is not as volatile as in the case of
a small number of votes taken into account.
3.3

Regression Analysis

To investigate the impact of the independent variables on review helpfulness, we
follow previous research and use Tobit regression [2], [4], [8]. In comparison to OLS
regression, Tobit regression is appropriate because it covers the following aspects. At
first, the dependent variable is censored [2], which means that it has lower and upper
bounds: if nobody considers a review as helpful, review helpfulness is zero and cannot be below this level. In contrast, if everybody considers the review as helpful, help-
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fulness is 100%. At second, there exists a selection problem concerning the customers
participating in the voting since not every reader also evaluates the reviews’ helpfulness [2]. Equation 1 shows the regression run within our study. Thereby, we include
the different hypothesized independent variables including the moderation effects as
well as the control variables (ProductType, Extremity, Depth, TotalVotes) and, as
proposed by Mudambi and Schuff (2010), the corresponding interaction effects (Extremity x ProductType, Depth x ProductType) [2].
Helpfulness = Constant + β1Quality+ β2Polarity+ β3Uncertainty
+ β4(Quality x ProductType)
+ β5(Polarity x ProductType)
+ β6(Uncertainty x ProductType) + β7Controls+ε

4

Empirical Study

4.1

Descriptive Statistics

(1)

In total, our dataset consists of 4,970 product reviews. As can be seen from Table 3,
1,245 product reviews deal with search goods and the remaining 3,725 product reviews deal with experience goods.
In order to provide first insights into the difference between search and experience
goods, we test whether both product types differ. Therefore, the Wilcoxon-signedrank test for equality of the different variables’ medians is applied. As Table shows,
product reviews related to search goods contain a significantly larger amount of
statements related to product quality. Additionally, reviews related to experience
goods also contain more uncertain statements as compared to search goods. This result can be explained by the fact that the evaluation of experience goods is oftentimes
more subjective and thus, reviewers are less certain as compared to objective criteria.
In the case of sentiment polarity, no significant difference can be detected. Related to
the control variables, we confirm that the reviews related to search goods are perceived to be more helpful than reviews related to experience goods [2].
In order to ensure that our regression setup leads to satisfactory results, we check
the corresponding variable correlations in order to avoid multicollinearity. As Table
shows, the correlations between the different independent variables are very low. It
has to be noted that there is a negative correlation between review helpfulness and
review extremity: if the star rating of the review deviates from the average star rating,
review helpfulness decreases. Additionally, these results provide evidence that the
different categories of the General Inquirer used in this study are almost independent,
i.e. terms contained in one word list are only rarely contained in another word list.
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Table 3. Descriptive Statistics
Variable
Quality
Polarity
Uncertainty
Extremity
Depth
TotalVotes
Helpfulness

Full Sample
Mean (SD)
0.0178
(0.0190)
0.2429
(0.3486)
0.0180
(0.0170)
1.5868
(0.9257)
245.1535
(316.7760)
41.3388
(140.2850)
0.5989
(0.2779)

Search Goods
Mean (SD)
0.0241
(0.0230)
0.2467
(0.3642)
0.0163
(0.0183)
1.4595
(1.0759)
299.0233
(339.5894)
53.2185
(146.8246)
0.7443
(0.2884)

Experience Goods
Mean (SD)
0.0157
(0.0170)
0.2416
(0.3432)
0.0185
(0.0164)
1.6294
(0.8658)
227.1487
(306.7206)
37.3683
(137.8224)
0.5503
(0.2565)

4970

1245

3725

n

p-value
0.0000
0.4986
0.0000
0.0005
0.0000
0.0001
0.0000

(p-value indicates the results of a Wilcoxon rank-sum test for equality of medians
related to search and experience goods)
Table 4. Variable Correlations

1
2
3
4
5
6
7

4.2

Variable

1

2

3

4

Quality
Polarity
Uncertainty
Extremity
Depth
TotalVotes
Helpfulness

1
-0.03
-0.01
-0.05
-0.03
0.02
0.09

1
0.01
-0.11
0.00
0.01
0.01

1
0.02
0.04
0.02
-0.05

1
-0.21
-0.07
-0.53

5

6

1
0.20
0.25

1
0.13

7

1

Empirical Results

Table shows the regression estimates of our research model. Related to the impact of
statements related to product quality on review helpfulness, we confirm H1a at a 10%
level of significance. As follows, if reviews focus on product quality, review helpfulness increases. However, the significance level of Quality is lower than the significance levels of other explanatory variables. This indicates that statements related to
product quality influence review helpfulness, but the influence of other variables is
more evident. In contrast, H1b has to be rejected since the moderating effect Quality x
ProductType is not significant. Thus, product type does not moderate the positive
relationship between product quality and review helpfulness.
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Related to H2a, we find that positive review sentiment polarity increases review
helpfulness, which is significant at a 1% level. Related to H2b, we confirm the negativity bias for experience goods: the moderating effect (Polarity x ProductType) is
negative and significant at a 1% level of significance. If the regression coefficients are
taken into account, it can be noted that for reviews with negative sentiment polarity, a
positive impact on review helpfulness can be measured since the coefficient for the
moderating effect has an absolute value that is larger than the coefficient of polarity.
In contrast, positive sentiment polarity decreases review helpfulness because negative
sentiment is perceived to be more accurate and helpful [7].
In order to test H3a, we consider whether statements related to uncertainty have a
negative impact on review helpfulness. As can be seen from the negative coefficient
that is significant at a 1% level of significance, H3a can be confirmed. Consequently,
if a reviewer is not convinced of his review and uses statements expressing uncertainty, the review is perceived as less helpful. However, related to H3b, it can be noted
that for experience goods, uncertain statements have a minor impact on review helpfulness: the moderating effect is positive and significant at a 5% level of significance.
As a result, H3b can be accepted.
Finally, related to the control variables, we confirm that reviews related to search
goods are generally perceived to be more helpful than reviews related to experience
goods. This is evidenced by the significant negative impact of the ProductType dummy variable. Furthermore, product reviews that are connected with a star rating having a large deviation from the average star rating are also perceived to be less helpful.
This effect is significant at a 1% level of significance. Additionally, the variables
controlling for review depth and total votes as well as the corresponding moderating
effects have a significant impact on review helpfulness.
Table 5. Tobit-Regression Estimates Explaining Review Helpfulness (n=4970, p > χ² = 0.000)
Standard
t-value
Error
Constant
0.8763
0.0198
44.24
Quality
0.4774
0.2897
1.65
Polarity
0.0910
0.0197
4.63
Uncertainty
-1.2251
0.3846
-3.19
Quality x ProductType
-0.3463
0.3660
-0.95
Polarity x ProductType
-0.1621
0.0226
-7.18
Uncertainty x ProductType
0.9658
0.4490
2.15
ProductType
-0.0727
0.0226
-3.22
Extremity
-0.1227
0.0069
-17.82
Depth
0.0002
0.0000
7.85
TotalVotes
0.0001
0.0000
3.85
Extremity x ProductType
-0.0356
0.0082
-4.34
Depth x ProductType
-0.0001
0.0000
-2.95
* / ** / *** indicate significance at a 10% / 5% / 1% level.
Variable

Coefficient
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p-value
0.000
0.099
0.000
0.001
0.344
0.000
0.032
0.001
0.000
0.000
0.000
0.000
0.003

***
*
***
***
***
**
***
***
***
***
***
***

4.3

Discussion

Our study shows that, next to general text characteristics such as review length, a
more fine-grained textual analysis enhances the understanding of review helpfulness.
Thereby, the hypothesized impact of textual aspects related to product quality, review
sentiment and review uncertainty on the perceived helpfulness of online product reviews is confirmed.
Furthermore, our results confirm and extend the knowledge about the impact of the
product type on review helpfulness. In line with previous research, we find that reviews related to search goods have, compared to experience goods, a higher helpfulness rating [2]. In this context, we also show that variables can have a reversed impact
on review helpfulness for different product categories: as positive review sentiment
increases the helpfulness of product reviews dealing with search goods, negative review sentiment increases the helpfulness of reviews about experience goods.
Taking into account the control variables, we confirm previous results in terms of
the positive impact of review depth and the negative impact of review extremity. In
contrast to Mudambi and Schuff (2010), who find a negative impact of the number of
total votes on review helpfulness [2], we measure a small positive impact. This result
can be explained by the fact that we only take into account reviews that received at
least 10 votings in order to improve the reliability of our results.
In line with Mudambi and Schuff (2010), we are aware of one limitation that is
caused by the methodology used to assess review helpfulness [2]. Since review helpfulness is measured on the basis of the votes of the online retailers’ clients who participate in the voting, the results may not fully cover the perceptions of clients who do
not participate. From a methodological point of view, automated content analysis
bears the limitation that the results depend on the dictionary used. If a term that characterizes a certain category is not included in the dictionary, the results may be biased
[36]. However, we address this issue by applying standardized and well-established
dictionaries as delivered by the General Inquirer [37], [39]. Furthermore, especially in
the context of sentiment analysis, an approach that is based on term frequencies does
not cover complex language constructs such as irony [41]. However, these concepts
are often hard to identify by humans and related term-based approaches (as used within this study) have already been successfully applied for sentiment analysis in other
disciplines [42].
Finally, since product reviews have been found to influence sales, different product
manufacturers have already started to publish very positive product reviews to increase the sales of their products or very negative product reviews in order to decrease
the sales of their competitors [1]. Thus, analyzing product reviews published within
the internet bears the risk that such manipulated reviews are part of the dataset and
thus, the results of the study may be biased. However, this issue is addressed due to
the fact that our results are based on an analysis of different products, so a manipulation related to a single product would only have a small impact on the overall results.
Furthermore, since the products analyzed in our study are best sellers and connected
with a large number of reviews, a manipulator would have to post a large amount of
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manipulated reviews which makes a manipulation more time-consuming and less
probable.

5

Summary and Conclusion

Product reviews have become important for online consumers and online retailers. In
order to reduce information overload, previous research has started to identify the
factors influencing review helpfulness in order to evaluate the helpfulness of unrated
product reviews and to display the most helpful ones. Within this study, we extended
the basic research model by Mudambi and Schuff (2010) [2] that only takes into account review extremity, review depth and product type and find that product quality,
review sentiment and review uncertainty influence the level of review helpfulness.
Thereby, product category moderates these relationships except from product quality.
With this study, we contribute to review diagnosticity theory by providing and
evaluating a research model in order to explain which factors has an impact on review
helpfulness. As follows, we confirm the impact of review extremity and review depth
and extend review diagnosticity theory with the incorporation of product quality,
review uncertainty and review sentiment. From a methodological point of view, we
perform a deeper text analysis and also measure review sentiment based on textual
content analysis rather than the number of stars.
From a practical point of view, we provide a basis for online retailers who want to
develop review ranking systems for unrated reviews. In this context, they can apply
the text analysis methodology which is part of this study in order to evaluate the different aspects of unrated online product reviews to identify the most helpful ones.
Furthermore, review sentiment, product quality and review uncertainty could also be
used as input variables for machine learning classifiers evaluating review helpfulness.
Our study also provides helpful insights for online retailers to update their guidelines
for online consumers on how reviews should be structured so that they are perceived
as helpful. In this context, they should advise online consumers to basically focus on
product-related characteristics, avoid uncertain statements and use positive sentiment
for search goods and negative sentiment for experience goods.
Within future research, we plan to extend our study in multiple research directions.
At first, we plan to investigate whether the cultural background of reviewers influences review style and the corresponding helpfulness assessments. Therefore, we
want to examine product reviews related to products that are sold in different countries. Furthermore, our current study takes into account product reviews published on
amazon.com which facilitates us to take a variety of products into account. Within
further research, we want to extend our study on further data sources such as
tripadvisor.com or imdb.com to validate whether the results remain robust also for
reviews focusing on hotels and movies. Finally, since this study has the objective to
explain what makes reviews helpful, as a next step, we plan to apply the understanding gained within this study in order to train and evaluate different machine learning
classifiers to forecast the helpfulness of product reviews.
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